Abstract The goal of alternatives assessment (AA) is to facilitate a comparison of alternatives to a chemical of concern, resulting in the identification of safer alternatives. A two-stage methodology for comparing chemical alternatives was developed. In the first stage, alternatives are compared using a variety of human health effects, ecotoxicity, and physicochemical properties. Hazard profiles are completed using a variety of online sources and quantitative structure-activity relationship models. In the second stage, alternatives are evaluated utilizing an exposure/risk assessment over the entire life cycle. Exposure values are calculated using screening-level near-field and far-field exposure models. The second stage allows one to more accurately compare potential exposure to each alternative and consider additional factors that may not be obvious from separate binned persistence, bioaccumulation, and toxicity scores. The methodology was utilized to compare phosphate-based alternatives for decabromodiphenyl ether (decaBDE) in electronic applications.
Introduction
The goal of alternatives assessment (AA) is to facilitate a comparison of the advantages and disadvantages of alternatives to a chemical of concern, resulting in the identification of safer alternatives (National Research Council 2014) . Alternatives assessment frameworks usually include an assessment of human health and ecological hazards. Assessment of human health hazards evaluates an array of human health endpoints including carcinogenicity, mutagenicity, reproductive and developmental toxicity, endocrine disruption, and dermal and eye irritation (National Research Council 2014) . It is important to consider a wide array of toxicity endpoints in order to avoid regrettable substitutions, as in the case where methylene chloride was replaced by n-hexane for automotive applications (nhexane was later found to cause peripheral neuropathy) (Wilson et al. 2007 ). Typically AA frameworks utilize criteria tied to globally harmonized system (GHS) scores (UNECE 2007) to classify chemicals in terms of toxicity. However, most chemicals have not been assigned hazard and risk scores for a majority of the important toxicity endpoints. It is recommended that novel high-throughput and in silico approaches are utilized to fill the many data gaps (National Research Council 2014) .
Most AA frameworks assume that the different chemical alternatives for a given application have similar exposure characteristics (National Research Council 2014) . Alternatively, one can use available exposure models or utilize physicochemical properties to estimate relative exposure. Physicochemical properties can be used to determine which environmental compartment the chemicals will partition into, estimate the potential for bioconcentration and bioavailability, and estimate the likelihood of mammalian or aquatic exposure.
Recognizing the critical need for exposure-based prioritization approaches on par with those for toxicity, the US Environmental Protection Agency (US EPA) has initiated the ExpoCast program (Cohen Hubal et al. 2010) to better evaluate and prioritize chemicals based on biologically relevant human exposures. Current research seeks robust approaches that use human exposure data, product use information, and modeled human behavior to systematically prioritize potential for exposure, based on chemical properties, product life cycle, and individual and population characteristics (Cohen Hubal et al. 2010) . To be most useful, approaches (tools, schemes or models) for prioritizing chemicals based on exposure should consider potential for exposure across the full life cycle of chemical substances and should address both near-field (from consumer products) and far-field (from the greater environment) exposure. Egeghy and coworkers reviewed many different exposure prioritization approaches including EUSES (Vermeire et al. 2005) , USEtox (Rosenbaum et al. 2011) , and RAIDAR (Arnot et al. 2006) .
A life cycle impact assessment (LCIA) is a quantitative evaluation of potential human health, environmental, and social impacts of the material and energy flows (resources acquired from the environment and releases to the environment) identified during the life cycle inventory (National Research Council 2014) . By quantifying the potential for impact in a variety of categories, including global climate change, ozone depletion, acidification, eutrophication, smog formation, land use, water use, mineral and fossil fuel uses, LCIA attempts to avoid shifting environmental impacts to other impact categories without understanding the consequences of more narrowly defined decision frameworks. Most life cycle inventories include four major stages: (1) raw material extraction; (2) chemical manufacture; (3) product manufacture (electronics, textiles); and (4) end of life (recycling, incineration, and landfill) . In order to increase the comprehensiveness of the evaluation, risk from chemical emissions for the alternatives should be evaluated by considering exposure from emissions during all stages.
In this study, a comprehensive alternatives assessment (AA) methodology based on the National Research Council (NRC) framework document (National Research Council 2014) will be presented. The methodology will be utilized to create Web-based dashboard for evaluating chemical alternatives. The scope of the methodology will encompass the following steps in the NRC framework:
• Step 5 Assess physicochemical properties • Step 6.1 Assess human health hazards • Step 6.2 Assess ecotoxicity • Step 6.3 Conduct comparative exposure assessment
• Step 7 Integration of information to identify safer alternatives • Step 8 Life cycle thinking Empirical and predicted data indicate that brominated flame retardants such as decabromodiphenyl ether (decaBDE) are highly persistent in the environment and have been found in high and increasing concentrations in the sediment of lakes, rivers, streams, and estuaries (Environment Canada 2006) . Additionally, they have been measured in ambient atmospheric particulates (Illinois Environmental Protection Agency 2006) and in the Arctic environment, providing evidence that they are subject to long-range transport (Environment Canada 2006) . In addition, flame retardants and pesticides have been detected in infant cord blood (although many other chemicals are detected in cord blood as well) (Fukata et al. 2005) . Most commercially available chemicals are not monitored in environmental media, and thus, their potential for human exposure is unknown. Under the modernized Toxic Substances Control Act (TSCA) (US EPA 2016e), EPA relies on surrogates including chemical release, product formulation, use category, physical and chemical properties, and estimates of persistence and bioaccumulation potential to evaluate exposure potential.
As an example, this AA methodology will be utilized to aid in evaluating alternatives for decaBDE. The main use of decaBDE was in the front and back panels of televisions made of high impact polystyrene (US EPA 2014a). DecaBDE has been used at high volume [releases in 2002 totaled *1.25 million pounds to air, water and land (US EPA 2016g)] in a broad range of products, but is now being phased out in the USA and in Europe (Wikipedia.org 2016) . The most cost-effective non-halogenated substitutes for decaBDE involve changing the resin system and the use of phosphorous-based flame retardants (The Lowell Center for Sustainable Production 2005). Flame retardants are designed to be stable at high temperatures, and thus, they typically degrade slowly in the environment (i.e., they are persistent) and sometimes have high ecotoxicity (The Lowell Center for Sustainable Production 2005). Certain brominated flame retardants are particularly persistent and toxic and therefore should be replaced (Chen and Hale 2010; D'Silva et al. 2004) . Alternative flame retardants must not only have a favorable environmental profile, but must provide satisfactory (or superior) fire safety, have an acceptable cost, and attain the appropriate balance of properties (e.g., mechanical, thermal, esthetic) in the final product (US EPA 2014a). In this study, we considered the non-halogenated phosphatebased alternatives for decaBDE, which were evaluated in a design for the environment (DfE) study (US EPA 2014a) and a GreenScreen study (Clean Production Action 2007) .
Methods

Overview of alternatives assessment methodology
This AA methodology involves two major stages. In the first stage, steps 5, 6.1, 6.2, and 7 of the NRC framework (National Research Council 2014) are included and a hazard profile in terms of human toxicity, ecotoxicity, and physicochemical properties is generated for each alternative (see Fig. 1 ). In the second stage, the best alternatives (determined from expert judgement of the trade-offs in the hazard profiles) are evaluated in terms of exposure (and risk) over the entire product life cycle (see Fig. 2 ). The second stage involves steps 6.3 and 8 of NRC framework and involves evaluation of the exposure and risk from chemical emissions throughout the product life cycle. Emissions are considered from both near-field and far-field sources. Detailed exposure calculations should only be performed for alternatives which have been found to have a superior hazard profile when compared to the chemical of concern. If the alternatives are expected to have substantially equivalent exposure, then the comparison can be mainly hazard based (i.e., stage 1 is sufficient). If an alternative is deemed to have a substantially higher potential for exposure than the chemical of concern, then a more detailed exposure assessment may be appropriate.
Physicochemical properties
Physicochemical properties are useful for determining the environmental fate of a chemical and help determine which exposure pathways are relevant (see Table 1 ). For example, the melting point and boiling point can be utilized to determine the state of matter (solid, liquid, or gas) for a given ambient temperature (T ambient ). Chemicals with a low melting point also have a higher potential to be absorbed through the skin, gastrointestinal tract, and lungs (US EPA 2014a). Chemicals which have high vapor pressures are much more likely to be inhaled, and those with a low flash point are dangerous because they are flammable.
Chemicals with higher water solubility are more likely to be transported into surface water with runoff during storm events and into groundwater by infiltrating through the unsaturated soil zone. In addition, they are more likely to be absorbed through the gastrointestinal tract or lungs, partition to aquatic compartments, undergo atmospheric removal by rain washout, and possess a greater potential for human exposure through the ingestion of contaminated drinking water, whereas chemicals with lower water solubility are generally more persistent and have a greater potential to bioconcentrate (US EPA 2014a). If an aquatic toxicity is estimated to occur at a concentration higher than the water solubility, the adverse effect cannot be reached, thus indicating low potential harm from aquatic toxicity.
log K OW is frequently used as a surrogate for water solubility, if an experimental value is not available. log K OW can also be used to estimate other properties important to the assessment, including bioconcentration and soil adsorption, and is a required input for SAR models used to estimate ecotoxicity values. log K OW is also used to estimate log Koa (log of the octanol-air partition coefficient) which is an important chemical property for estimating near-field exposure (Weschler and Nazaroff 2010) .
In this AA methodology, in the absence of experimental data, persistence will be evaluated using the half-life in the predominant environmental compartment (e.g., air, water, soil, or sediment). The predominant compartment receives the highest fraction of the chemical according to the level Fig. 1 Stage 1 of the alternatives assessment methodology: generation of hazard profiles. *GHS, globally harmonized system A framework for an alternatives assessment dashboard for evaluating chemical alternatives… 1069
III fugacity model included in Estimation Program Interface Suite (EPISUITE) (Mackay 1991; Mackay et al. 1996a, b; US EPA 2012) . This model assumes equal emissions of the chemical to air, water, and soil. The persistence score will be assigned using the DfE (US EPA 2011) classification scheme (see Table 1 ). If available, results from experimental biodegradation tests [such as the percent of theoretical ultimate degradation in the ready biodegradability test (OECD 1992) ] can be used to assign the persistence class (US EPA 2014a). Biodegradation processes are divided into two types. The first is primary biodegradation, in which a chemical substance is converted into another substance. The second is ultimate biodegradation, in which a chemical is completely mineralized to small building block components (e.g., carbon dioxide and water). Chemical substances that 
Human health hazards
The NRC framework document (National Research Council 2014) recommends including the following human health hazards for comparing chemical alternatives: acute toxicity, carcinogenicity, mutagenicity, reproductive toxicity, developmental toxicity, respiratory sensitization/irritation, neurotoxicity, endocrine activity, skin sensitization, and skin and eye corrosion/irritation. In this alternatives assessment dashboard, it is proposed all these endpoints be included. Values for each of these endpoints will be provided using a combination of experimental data, predictions from quantitative structure-activity relationship (QSAR) models such as in T.E.S.T. and values obtained from GHS scores.
In the NRC framework document (National Research Council 2014), it is also recommended in vitro data be used as much as possible to reduce data gaps. In vitro scores typically cannot be used for risk assessment decisions unless they are converted to in vivo dose equivalents. Highthroughput screening data do not account for pharmacokinetic factors and may not account for metabolism (National Research Council 2014); therefore, in vivo data are strongly preferred for most toxicity endpoints. However, in vitro data can be utilized as primary endpoints such as mutagenicity and skin sensitization. Recently, hierarchical clustering models were developed for in vitro estrogen receptor (ER) endpoints (binding, agonism, and antagonism) and for in vivo ER binding (Martin 2016) . It has been observed that models fit to in vitro assay scores may not produce superior results for prediction of in vivo toxicity endpoints than those models which are based solely on molecular descriptors (Thomas et al. 2012 ). However, it was observed that adding predicted in vitro scores to the available variable pool improved the prediction accuracy of in vivo ER activity models (Martin 2016) .
Ecotoxicity
The NRC framework document (National Research Council 2014) recommends generating ecotoxicity comparisons for the species which are exposed to the highest intake rate of the chemicals of interest. Due to lack of data, ecotoxicity will have to be evaluated in terms of acute and chronic aquatic and rodent toxicity. Aquatic toxicity will be evaluated using models and experimental data for common species (such as fathead minnow). Rodent toxicity will be evaluated using models and data for rodents, such as rats and mice.
Generation of hazard profile scores
A hazard profile consists of scores (low, medium, high, and very high) in human health hazards, ecotoxicity, and fate. In order to generate a complete profile, scores need to be obtained from a variety of sources. Ideally scores are obtained from GHS data from curated public databases such as the Classification and Labeling ( (Pharos 2016) is an excellent resource for hazard scores from multiple databases, but it is only available via a subscription. Additionally, ChemHAT and ACToR provide scores from multiple sources.
In our AA methodology, binning of toxicity values into scores (i.e., very high, high, moderate etc.) will be based on the DfE scoring system (US EPA 2011a). For example, scores from different sources are converted into DfE mammalian toxicity scores, as shown in Fig. 3 . The older EU risk phrases (European Commission 2008) do not overlap perfectly with the DfE scoring system for some endpoints, so they are not a preferred source (unless the quantitative toxicity value is available elsewhere). The European Union Classification, Labeling and Packaging (EU CLP) scores (European Union 2008), and DfE scores (US EPA 2011a) overlap with the GHS categories (UNECE 2007) with the exception of those very high DfE scores where GHS categories 1 and 2 are combined.
Manually culling hazard endpoint data to generate a complete hazard profile takes approximately 8 h (Wehage et al. 2016) . Therefore, the time required for data collection is a barrier for implementation of most alternatives assessment methodologies such as the GreenScreen (Clean Production Action 2007). Wehage et al. (2016) developed an automated system to download GHS data from Japan's National Institute of Technology and Evaluation (NITE) Web site. In order for the AA methodology outlined in this paper to be successful, data will need to be mined from a wide variety of freely available Web sites in order to minimize data gaps and facilitate AA usability.
For chemicals with data gaps, toxicity values and physicochemical properties can be estimated using QSAR models such as T.E.S.T. which estimates toxicity endpoints and physical properties utilizing QSAR methodologies such as hierarchical clustering, multilinear regression, nearest neighbor, and consensus approaches (US EPA 2016f). For human health hazard, currently T.E.S.T. can provide estimates for acute mammalian toxicity (oral rat LD 50 ), developmental toxicity (yes/no binary prediction), and mutagenicity (Ames mutagenicity). ER activity and skin sensitization are to be added to a future release of T.E.S.T. Respiratory sensitization is an important endpoint, but there are no widely accepted models for this endpoint (National Research Council 2014) . Development of models for chronic toxicity is difficult due to the small size of most data sets and that different toxic effects can occur at low doses over a long period. T.E.S.T. can provide estimates for ecotoxicity in terms of acute aquatic toxicity (96 h fathead minnow LC 50 , 48 h Daphnia magna LC 50 , and 48 h Tetrahymena pyriformis IGC 50 ) and acute mammalian toxicity (oral rat LD 50 ).
T.E.S.T.' s hierarchical clustering method was found to yield the highest accuracy of any single method, but the consensus approach (a straight average from all available methods) was found to give a slight increase in prediction accuracy and coverage (fraction of chemicals which can be predicted). The nearest neighbor approach is essentially an analog-based approach, since the predicted value is the average of three most similar chemicals in the training set. The nearest neighbor method (Martin et al. 2008) will be utilized in the AA methodology to identify and select analogs with available toxicity scores to fill in data gaps for endpoints which cannot be estimated using QSAR methods. This will enable users to select analogs with available GHS values for toxicity/ecotoxicity categories to obtain a more complete hazard profile. T.E.S.T. will be directly incorporated into this AA dashboard to allow rapid and convenient display of toxicity and physical property values.
CTS (Wolfe et al. 2016) will also be incorporated into this AA dashboard via Web services. CTS can calculate the following properties: melting point, boiling point, water solubility, vapor pressure, molecular diffusivity, ionization constant, pKa, Henry's law constant, and octanol/water partition coefficient. These properties are predicted using EPISUITE (US EPA 2012) and ChemAxon models (ChemAxon 2016). CTS will be utilized to generate metabolites for each alternative. The hazard profile of each metabolite will also be evaluated for a more comprehensive evaluation of the alternatives.
Researchers at the Technical University of Denmark (Niemelä et al. 2010 ) have compiled QSAR predictions for mutagenicity, carcinogenicity, reproductive toxicity, acute oral toxicity, skin irritation, skin sensitization, and danger to the aquatic environment for 33,835 chemicals. In the future, similar toxicity models will need to be incorporated into this AA dashboard.
Once the hazard profile (physicochemical properties, human health hazards, and ecotoxicity) is completed for all the chemical alternatives and their metabolites, risk assessors can weigh the pros and cons of each alternative. The physicochemical properties can provide an indication as to which human health hazards and ecotoxicity are the most relevant for comparing alternatives. In addition, the exposure assessment (stage 2) can provide a more quantitative evaluation of which categories are the most important. For example, exposure assessment might reveal the largest risk is from inhalation from near-field sources or it might indicate ecotoxicity is the most important due to high water concentrations relative to aquatic toxicity values. Approaches such as GreenScreen (Clean Production Action 2007) aggregate toxicity information by determining a composite score. While such an approach may be easy to use, it obscures information that should be considered across domains (National Research Council 2014).
Far-field exposure
While reducing risk is the fundamental objective, for practical reasons most current methods first screen for hazards [persistence (P), bioaccumulation (B), and toxicity (T) properties] followed by exposure and risk assessment (Arnot and Mackay 2008) . The problem with this approach is there is a subjective judgement about the relative importance of P, B, and T. In addition, it may erroneously include chemicals which pose little risk due to the low quantities emitted (false positive) or exclude high volume chemicals which are relatively nonhazardous (false negative). Finally, hazard ranking typically employs arbitrary cutoff-defined values, which can yield difficulties when comparing chemicals with values near the cutoff values. The ultimate regulatory goal is to control risk rather than hazard (Arnot et al. 2006) .
The lack of monitoring data for most commercial chemicals necessitates the use of models which can predict fate and transport and exposure. The source-to-human exposure relationship is a function of the substance's mode of entry to the environment (air, water, soil), fate (intermedia transport, degradation) and food web bioaccumulation processes (bioconcentration, biomagnification, biotransformation), and all significant human multimedia intake rates (inhalation and ingestion).
Arnot and Mackay developed a method based on the Risk Assessment IDentification And Ranking (RAIDAR) multimedia model (Arnot et al. 2006 ) to evaluate chemicals using P, B, T, and Q (quantity) simultaneously in a continuous manner (i.e., no cutoff values) (Arnot and Mackay 2008) . Models such as RAIDAR are designed to assess farfield impact of chemical exposure and does not include near-field sources such as indoor or product use to account for exposure to humans in domestic and industrial settings. RAIDAR utilizes level II or level III steady-state models to calculate concentrations in the bulk compartments (air, water, soil, and sediment) of a regional-scale (100,000 km 2 ) environment (Arnot et al. 2012) . RAIDAR and the European Union System for the Evaluation of Substances (EUSES) (Vermeire et al. 1997 ) were shown to be in general agreement, which is expected since the fate and transport calculations are conceptually similar (Arnot et al. 2010) . Using the RAIDAR multimedia model, estimates of exposure potential using human concentrations and a unit emission rate span approximately 13 orders of magnitude and intake fractions spanning 7 orders of magnitude (Arnot et al. 2012) . The priority setting resulting from traditional cutoff-based methods was largely inconsistent with the multimedia partitioning-based method developed by Arnot and Mackay (2008) . It has been shown that biotransformation in the organism and its food web are a more significant determination of bioaccumulation than partitioning properties (such as log K OW and Log K OA ) (McLachlan et al. 2011 ). Thus, high-throughput, screeninglevel multimedia exposure models, such as RAIDAR, may be helpful to more accurately assess the extent of bioaccumulation for a given chemical. Wambaugh et al. (2013) developed empirical models for environmental concentrations using far-field mass balance models (USEtox (Rosenbaum et al. 2011) and RAIDAR) as an indicator for indoor and/or consumer use. Information on use was found to be the most predictive in correlated measured exposure data from NHANES (Wambaugh et al. 2013) . In general, chemicals identified above the detection limit had consumer/indoor use. Wambaugh et al. (2014) developed regression models to fit NHANES exposure data using production volume, chemical use categories, and physicochemical properties as independent variables. Utilizing two or more descriptors described about 50% of the variance (R 2 * 0.5), which is a significant improvement in previous models based on far-field models (R 2 * 0.15). Half-lives in environmental media and the BCF most distinguished one compound from another. The research of Wambaugh and coworkers illustrates the need to consider near-field emissions and chemical use in addition to far-field sources in order to accurately estimate exposure and thus risk. In fact, models such as USEtox are being modified to include indoor inhalation in industrial and home settings (Rosenbaum et al. 2011) .
Level III models require mode of entry information specifying the total unit emissions to each bulk compartment. Several options exist for specifying the fraction emitted to each compartment:
• Assume equal fractions to air, water, and soil.
• Utilize tabular European Union Technical Guidance emission factors (European Commission 2003) based on vapor pressure and water solubility. Utilizing these factors, the fractions released to air, water, and soil for typical brominated flame retardants are 0.004, 0.11, and 0.0092, respectively.
• Wambaugh et al. (2013) assumed pesticide emissions were 50% to air and 50% to soil and all other chemicals were assumed to be emitted 80% to water, 10% to soil, and 10% to air.
However, it was shown that relative risk rankings were generally robust to mode of entry scenarios for the RAI-DAR model (Arnot and Mackay 2008) .
Near-field exposure
The US EPA is developing a strategy for high-throughput (HT) exposure-based prioritization of chemicals under the ExpoCast program (Cohen Hubal et al. 2010) . These novel modeling approaches allow one to evaluate chemicals based on their potential for biologically relevant human exposures. Thus, they aid in determining which chemicals need additional toxicity testing and prioritization for chemical risk assessment.
The Stochastic Human Exposure and Dose Simulation Model for Multimedia, Multipathway Chemicals Highthroughput (SHEDS-HT) model is a simplified version of the Stochastic Human Exposure and Dose Simulation Model for Multimedia, Multipathway Chemicals (SHEDS-MM) model (Isaacs et al. 2014) . In modeling indirect exposures from near-field sources, SHEDS-HT employs a fugacity-based module to estimate concentrations in indoor environmental media. These concentration estimates, along with relevant exposure factors and human activity data, are then used by the model to rapidly generate probabilistic population distributions of near-field indirect exposures via dermal, non-dietary ingestion, and inhalation pathways (Isaacs et al. 2014) . Population dietary exposures for a variety of chemicals found in foods are combined with the corresponding chemical specific near-field exposure predictions to produce aggregate population exposure estimates. SHEDS-HT successfully reproduced the pathwayspecific exposure results of the higher-tier SHEDS-MM for a case study pesticide and produced median intake doses significantly correlated (p \ 0.0001, R 2 = 0.39) with medians inferred using biomonitoring data for 39 chemicals from the National Health and Nutrition Examination Survey (NHANES) (Wambaugh et al. 2013 ). Models such as SHEDS-HT that simulate exposure through dermal, nondietary ingestion, and inhalation pathways are applicable to consumer products and pesticides, but may not be applicable to the case of flame retardants used in the plastic backing of television screens. However, Shin et al. (2015) assumed 10% of the compounds that are introduced to the home as part of a solid product would be released into the air for their near-field exposure model calculations.
Assessment of hazard and risk
Chemical risk can be evaluated in terms of ratios involving chemical concentrations, intake rates, or intake fractions. Arnot et al. assessed risk in terms of the risk assessment factor (RAF) (Arnot and Mackay 2008) :
where C U = calculated concentration in the representative organisms in mol/m 3 for a unit emission rate, C T = whole body concentration that represents a threshold (toxic) effect in mol/m 3 , E A = actual emission rate in mol/h, E U = unit emission rate (i.e., 1 mol/h), and C A = actual concentration in mol/m 3 . A relatively high RAF indicates the need for further assessment, but some substances with low RAF may require more detailed considerations especially if the emissions are localized (i.e., near-field models are required) (Arnot et al. 2006 ). In the absence of emission data, chemicals can be compared in terms of the hazard assessment factor (HAF) (Arnot and Mackay 2008) :
The RAF and HAF ratios can be calculated for different species, and the largest ratio identifies the species subject to the greatest hazard. It was also found that the inclusion of quantity (i.e., RAF vs HAF) significantly altered the rankings for chemicals evaluated (Arnot and Mackay (2008) . Alternatively, chemicals can be evaluated in terms of a bioactivity quotient (BQ) (Shin et al. 2015) . Bioactivity quotients are conceptually similar to other exposure/effects metrics, such as the RAF. The BQ is calculated as follows:
where iR = intake rate in mg/kg/day and OED = oral equivalent dose in mg/kg/day. Shin and coworkers (Shin et al. 2015 ) estimated the OED using in vitro toxicity data:
where C ss = steady-state chemical blood concentration estimated using in vitro to in vivo extrapolation (IVIVE) (Wetmore et al. 2015) . The AC 50 value used is the smallest value from all of the active assay results and thus is a conservative estimate of toxicity since not every assay is directly indicative of a toxic or negative effect. In addition, it has been shown there are some difficulties in using in vitro assays to predict in vivo toxicity (Martin et al. 2011; Thomas et al. 2012) . In a third approach, Rosenbaum et al. (2011) evaluated hazard in terms of the ED 50 (the effect (or toxic) dose that results in a toxic effect to 50% of the exposed population for a lifetime exposure). ED 50 values were found to be correlated with oral rat lethal LD 50 values:
Chronic non -cancer ED 50 ¼ LD 50 =26 R 2 ¼ 0:45
Because LD 50 values are available for a large number of compounds and can be estimated for a large number of compounds using software, such as T.E.S.T., this approach can provide estimates for a large number of compounds. However, further research is needed to determine whether these values yield more suitable estimates of lifetime risk than estimating an OED value from ToxCast data.
Life cycle thinking
Shin and coworkers recently developed a methodology to assess chemical exposures using near-field and far-field models and production volumes (Shin et al. 2015) . They utilized several different models to estimate near-field exposure from indoor emissions (Bennett and Furtaw 2004; Shin et al. 2012; Wenger et al. 2012; Zhang et al. 2014) . Similarly they estimated far-field exposure from several different multimedia mass balance models such as CalTox (McKone 1993), USEtox (Rosenbaum et al. 2008) , and RAIDAR (Arnot et al. 2006 ). The intake estimates were combined with in vitro bioactivity data to demonstrate riskbased screening and prioritization of 180 chemicals (Shin et al. 2015) . Fantke et al. (2016) developed a method to couple near-and far-field exposure pathways using multimedia-based transfer fractions to support life cycle assessment (LCA), alternatives assessment, and risk assessment of chemicals used in consumer products.
Emissions to the environment can be obtained from many different publicly available databases. Shin et al. (2015) obtained emissions data from the 2006 US EPA Inventory Update Reporting (IUR) (US EPA 2008), the National-Scale Air Toxics Assessments (NATA) (US EPA 2011b), the Toxics Release Inventory (TRI) Program (US EPA 2016g), and the National Emissions Inventory (NEI) (US EPA 2016d). Finally, the US EPA is developing a methodology to rapidly generate life cycle inventories (LCIs) from a variety of public data sources including TRI and NEI (Cashman et al. 2016) . The methodology attempts to allocate the emissions from different facilities which are directly related to the production of the chemical of interest. The potential use categories of chemicals can be obtained from the US EPA's Chemical and Product Categories (CPCat) database (Dionisio et al. 2015 ; US EPA 2014b) within ACToR (US EPA 2016a). A more detailed review on publicly available exposure data is provided by Egeghy et al. (2012) .
For flame retardants, the highest exposure potential during the manufacture stage is during the handling of the raw flame retardant (European Chemicals Bureau 2002). For decaBDE, exposure is expected to occur dermally or through inhalation. Thus, pertinent toxicity endpoints during the manufacture stage include acute toxicity (dermal/ inhalation), carcinogenicity, respiratory sensitization, neurotoxicity, skin sensitization, and skin and eye corrosion/ irritation.
DecaBDE and other halogenated flame retardants have been detected in house dust (Stapleton et al. 2005 ). This illustrates that flame retardants which are physically incorporated into the polymer used (e.g., for the backing material) can be inhaled during the use stage. The primary route of consumer exposure to decaBDE is through the ingestion of dust or, for infants, ingestion of breast milk, followed by food and water ingestion and dermal absorption. Inhalation may also be a relevant route of exposure (US EPA 2010).
During the end of life stage, electronics containing flame retardants are either recycled or landfilled. Workers involved in the recycling and disposal of products containing flame retardants have greater exposure to the chemical when compared to the general population (Sjödin et al. 1999 ). The leachate from landfills has the potential to seep into groundwater or drain into surface water both of which facilitate transporting chemicals where humans and wildlife may be exposed (KEMI 1995) .
Results and discussion
Generation of transformation products
In this paper, evaluation of the metabolites and abiotic transformation products for decabromodiphenyl ether (decaBDE) and three phosphate-based flame retardants: triphenyl phosphate (TPP), resorcinol bis-(diphenyl phosphate) (RDP), and bisphenol A bis(diphenyl phosphate) (BPADP) was conducted. DecaBDE is not predicted to degrade according to the reaction libraries for human metabolism or hydrolysis within CTS (Wolfe et al. 2016 ). However, common degradation products of decaBDE due to photodegradation, anaerobic biotransformation, and metabolism in fish and birds include octaBDE and pentaBDE (Clean Production Action 2007). The metabolites for phosphate-based non-halogenated alternatives, RDP and TPP, were generated using CTS. The transformation pathways for RDP are given in Fig. 4 . The products for RDP include benzenediol (1,2-and 1,3-substituted), phenol, and diphenyl phenol. Chemicals, such as phenol and benzenediol, are of concern because they are associated with endocrine activity. Unfortunately, experimental data on whether RDP releases these compounds are not available (US EPA 2014a). Similarly, the predicted products from human metabolism and abiotic hydrolysis for TPP include phenol and diphenyl phosphate. Transformation products for BPADP include bisphenol A, phenol, and diphenyl phosphate (Clean Production Action 2007). These additional chemicals will be considered when comparing alternatives.
Evaluation of physicochemical properties
The melting points and boiling points for all of the flameretardant alternatives were greater than 20°C (see Table 2 ), indicating that they will all be a solid at room temperature. Not surprisingly, the flame-retardant alternatives all had very high flash points, indicating that they are nonflammable. The majority of the compounds had very low vapor pressures indicating a low risk from inhalation of vapors (although triphenyl phosphate was borderline). Because the vapor pressure values were typically less than 1 9 10 -8 , the risk would be due to inhalation of small particles, which would occur during the manufacturing stage by workers unless proper controls were enacted.
The majority of the flame retardants are insoluble in water (solubility \1 mg/L) (US EPA 2014a). However, TPP is slightly soluble in water (1 mg/L \ solubility \100 mg/L) and RDP is almost as soluble as TPP. Most of the chemicals were predicted to have log K OW greater than 8, indicating that they are not readily bioavailable. TPP had a much lower log K OW , which indicates it may be bioavailable and thus has potential for aquatic toxicity. The predicted log BCF values indicated that the alternatives all had low to moderate bioaccumulation potential.
To estimate the persistence score, the partitioning for each alternative was estimated using a level III fugacity model included in EPISUITE (Mackay 1991; Mackay et al. 1996a, b; US EPA 2012) . As shown in Table 3 , the flame retardants partition predominantly to soil and sediment. Due to its relatively high water solubility, TPP partitions into the water compartment in a greater fraction than the other alternatives. Most of the flame-retardant alternatives are predicted to have very high persistence with the exception of TPP, which is predicted to have high persistence. The degradation products of decaBDE were also predicted to have very high persistence, whereas those for the phosphatebased flame retardants had high persistence (e.g., diphenyl phosphate) or moderate persistence (e.g., phenol).
Evaluation of human health hazards and ecotoxicity using T.E.S.T
The human health hazards and ecotoxicity values generated using T.E.S.T. for the decaBDE alternatives are given in Table 4 . The flame-retardant alternatives were found to have a low mammalian acute toxicity score (LD 50 [ 2000 mg/ kg). A couple of the metabolites of phosphate-based flame retardants (phenol and resorcinol) had moderate toxicity (300 mg/kg \ LD50 \ 2000 mg/kg).
Developmental toxicity values could not be estimated for most of the flame retardants using the T.E.S.T. models (aside from TPP, which is predicted to be positive). This can be explained by the fact there are insufficient chemicals in the training set, which are similar to these relatively large compounds. Several of the degradation products of the phosphate-based flame retardants were predicted to have developmental toxicity values (diphenyl phosphate, bisphenol A, and phenol). None of the flame-retardant alternatives are predicted to be mutagenic. However, diphenyl phosphate (a transformation product of the phosphate-based flame retardants) is predicted to be mutagenic. All of the flame-retardant alternatives are predicted to have very high aquatic toxicity (LC 50 \ 1 mg/L). However, for decaBDE and BPADP, the predicted toxicity value exceeded the water solubility. For these compounds, the effective hazard score is low (US EPA 2014a). TPP and RDP have much higher solubility in water and thus pose an aquatic toxicity hazard.
The hierarchical clustering model predictions for endocrine activity are given in Table 5 . The predictions were made using models which were fit to training sets with 25% active compounds, because this was found to yield the best results for several endocrine activity endpoints (Martin 2016) . A chemical is predicted to be active if the average predicted score from the hierarchical clustering models is greater than or equal to 0.5. For in vitro activity, the majority of the flame-retardant alternatives were predicted to be inactive in terms of binding and agonism and active in terms of antagonism. If chemicals are endocrine active, there should be a positive result for both binding and either agonism or antagonism. DecaBDE and its degradates could not be predicted utilizing the in vivo endocrine activity models. This can be explained by the fact the in vivo models utilized a considerably smaller training set (*200 chemicals) and there were insufficient chemicals which were similar to these polybrominated compounds. The in vivo endocrine activity for TPP and RDP yielded conflicting results for the two in vivo models (with and without predicted in vitro scores as additional model descriptors). In addition, the predicted in vitro binding scores were less than 0.5, which would indicate these compounds inactive (a) Degradation products from human metabolism (b) Degradation products from abiotic hydrolysis
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in terms of estrogen receptor activity. The conflicting prediction results indicate that experimental data are needed to make a definitive assignment for these compounds. Similarly BPADP has a positive prediction for one of the in vivo models (but the other is outside the applicability domain) and the predicted in vitro binding score is negative. One of the metabolites for BPADP, bisphenol A, was predicted to be positive in all of the models, indicating that it poses a risk of endocrine disruption. Because bisphenol A is a known endocrine disruptor and was not present in All properties were estimated using T.E.S.T. (US EPA 2016f) with exception of log K OW which was estimated with EPISUITE (US EPA 2012) a MP, melting point; BP, boiling point; FP, flash point; VP, vapor pressure; WS, water solubility; log K OW , log of the octanol water partition coefficient b Experimental value the training set for the in vivo models, this represents a successful external validation of the models.
Comparison of hazard profiles
The hazard profiles generated from T.E.S.T., a DfE (US EPA 2014a) study, a GreenScreen (Clean Production Action 2007) study, and the ChemHAT (ChemHAT.org 2016) database for the flame-retardant alternatives, and their transformation products are given in Tables 6 and 7 , respectively. The transformation products were not evaluated in the DfE study. Diphenyl phosphate was not present in ChemHAT, and scores were not assigned in the GreenScreen study due to insufficient data. RDP is present in ChemHAT, but the only available hazard information is that this chemical is on a restricted list. In the GreenScreen study, data for BPADP and RDP were based on analog data or expert judgement. This illustrates the need to develop automated methodologies to find suitable analogs to fully populate hazard profiles. The scores from ChemHAT were translated as follows: red = VH (very high effect/evidence), orange = H (high effect/evidence), yellow = M (moderate effect/evidence), and gray = ? (equivocal effect/evidence). The hazard categories (column headings) are not an exact match with scoring systems like DfE or GreenScreen, but are close enough to allow for comparison. All of the alternatives and their metabolites are on restricted lists (not shown) according to ChemHAT.
The flame-retardant alternatives have a low acute mammalian toxicity score, while the transformation products of TPP and RDP generally have a moderate acute mammalian toxicity. The transformation products of decaBDE had a low score. The phosphate-based flame retardants had the same score for carcinogenicity (either moderate from the DfE study or low from GreenScreen study). Both the DfE study and the GreenScreen study 
Blanks indicate the chemical was not evaluated by the study or that hazard was not available in ChemHAT.org a Based on analog data or expert judgement report a moderate score for carcinogenicity for decaBDE. However, decaBDE was reported to have a strong evidence of cancer risk according to ChemHAT.org (US EPA 2016c) . This may indicate decaBDE may pose a greater cancer risk than the phosphate-based flame retardants. For mutagenicity, all of the chemicals were predicted to have a negative score by T.E.S.T. (with the exception of diphenyl phosphate) (see Table 4 ). The other studies report low scores for mutagenicity for the flame-retardant alternatives (although ChemHAT reports a high score for mutagenicity for decaBDE). The GreenScreen study and ChemHAT report a positive result for mutagenicity for phenol while the experimental and predicted value for the Ames mutagenicity endpoint in T.E.S.T. was negative.
DecaBDE and its transformation products had medium or high endocrine disruption scores. TPP, RDP, and BPADP had little information for endocrine disruption. Bisphenol A (a metabolite of BPADP) was the only chemical which was definitively predicted to be an endocrine disrupter using the hierarchical clustering models (Martin 2016) .
The flame retardants had a low score for reproductive effects (see Table 6 ), but transformation products such pentaBDE and octaBDE had medium to very high reproductive scores. DecaBDE and its products had the highest developmental toxicity scores. In terms of neurological toxicity, again decaBDE and its metabolites had the highest scores. In terms of repeated dose toxicity, triphenyl phosphate had the highest scores.
As mentioned previously, most of the alternatives did not have a predicted developmental toxicity value (these chemicals were outside the applicability domain of the models) using T.E.S.T. However, TPP and its transformation products (phenol and diphenyl phosphate) were predicted to be active in terms of developmental toxicity, and thus, the developmental toxicity scores were high. Some metabolites of BPADP were also predicted to be active in terms of developmental toxicity. In terms of neurological toxicity, TPP and BPADP had a low score while the scores for decaBDE and RDP varied from low to very high. Most of the alternatives had a moderate score for repeated dose toxicity although TPP had a high score from the DfE study.
The flame retardants did not pose a risk for skin sensitization (aside from the metabolites bisphenol A and resorcinol). The alternatives had low to moderate score for eye irritation. Similarly, dermal irritation is a low concern. Phenol has a high score for eye and dermal irritation, but it is doubtful humans will be exposed to high enough concentrations of phenol through these routes for this to be an issue (since the flame retardant has to be metabolized by the body or undergo hydrolysis in a body of water first). In terms of acute aquatic toxicity, RDP and TPP yielded the highest scores due to their relatively high solubilities in water. DecaBDE and BPADP had low scores due to the fact that the toxicity values exceeded their water solubilities. A similar result was observed for chronic aquatic toxicity.
With the exception of TPP, all of the flame-retardant alternatives were predicted to have a very high persistence score utilizing the multimedia models in EPISUITE. DecaBDE had very high persistence scores for all studies, while the scores for the other flame-retardant alternatives varied from low to high using the DfE and GreenScreen scores. The transformation products for RDP and TPP were much less persistent than those for decaBDE. The columns for persistence and bioaccumulation for ChemHAT rows are merged because ChemHAT reports whether some chemicals are PBT chemicals from international lists and does not always have a separate score for both persistence and bioaccumulation.
All of the chemicals had low or medium bioaccumulation using the models from T.E.S.T. The bioaccumulation scores for the flame retardants varied from low to high depending on the data source. The transformation products of the phosphate-based flame retardants had low scores for bioaccumulation compared to scores of moderate to very high for the products of decaBDE.
The main concern for decaBDE is that it has very high persistence. It also has concerns for carcinogenicity, developmental toxicity, endocrine disruption, and neurological toxicity. Its transformation products (pentaBDE and octaBDE) also pose similar concerns. The main concern for TPP is aquatic toxicity, although the lower persistence score would indicate this might not be a large concern. Another concern for TPP is repeated dose toxicity. BPADP poses low concern for most hazard categories; however, its metabolite bisphenol A has concerns for several effects, most notably endocrine disruption. The main concern for RDP is the very high aquatic toxicity and moderate persistence. The human health hazards for RDP are low to moderate depending on the source. Diphenyl phosphate is a potential product for all three phosphate-based flame retardants. According to T.E.S.T. models, diphenyl phosphate poses concerns for mutagenicity and developmental toxicity. Taking all of these factors into consideration, TPP and RDP appear to be the best alternatives. An exposure/ risk assessment over the entire life cycle will be needed to more quantitatively identify and select the best alternative.
Evaluation of exposure and risk over the product life cycle Arnot and Mackay (2008) and Arnot et al. (2006) ) for both level II and level III fugacity models. This makes sense because these compounds are both high molecular weight, polyhalogenated compounds. Unfortunately, Arnot and coworkers did not evaluate phosphate-based flame retardants for comparison. Shin et al. (2015) utilized both near-field and far-field models to better characterize exposure from chemical products. The BQ (see Eq. 3) of triphenyl phosphate was found to be greater than 100 for four use scenarios in part because of its large production volume and its low minimum OED. This might indicate that TPP is not the best alternative despite its lower environmental persistence. Initial development of this alternatives assessment dashboard will not include consideration of exposure, and risk until methods can be developed (such as in the ExpoCast project) to fully automate the process of obtaining emission data and estimating risk for a wide variety of chemical products. Jonkers et al. (2016) conducted a life cycle assessment of flame retardants incorporated into a commercial product, i.e., a laptop computer. They compared results for brominated flame retardants (BFRs) and halogen-free flame retardants (HFFRs). The largest differences in impact were found to occur in the waste phase due to an increased dioxin emission formed from BFRs during improper waste treatment. Minor human toxicity and ecotoxicity impacts of FRs are present due to volatilization in the use phase. Over the full life cycle, the BFR scenario has a slightly higher environmental impact than the HFFR scenario, mainly through the contribution of human toxicity in the waste phase. However, it must be noted that Jonkers et al. (2016) used disability adjusted life years (DALY) as their indicator of human toxicity. Because the DALY values for the two phosphate-based flame retardants in the study (RDP and BPADP) were not available, it was not possible to get an indication of the relative impact of human toxicity over the entire life cycle for these compounds relative to decaBDE. This illustrates the benefits of using QSAR models or in vitro-based methods for filling data gaps. It is interesting to note that during the use phase, the scores for human toxicity and ecotoxicity are two orders of magnitude higher for electricity use of the laptop than for the volatilization of the FRs used in the backing. However, emissions during the use phase are still likely to be the most important exposure route for humans. This study shows that one needs to consider likely exposure scenarios throughout the entire life cycle in order to realistically compare alternatives.
Conclusions
A two-stage AA methodology for comparing chemical alternatives based on the National Research Council's Chemical Alternatives framework document was successfully implemented. In the first stage, alternatives are compared using a variety of human health effects, ecotoxicity, and physical properties. Additional work is needed to generate complete hazard profiles for a large number of chemicals. For example, experimental data need to be compiled from a variety of freely available online sources, QSAR models need to be developed for additional toxicity endpoints, and a user-friendly system for obtaining experimental analog data for endpoints which are not amenable to QSAR modeling needs to be developed. In the second stage, alternatives are evaluated utilizing an exposure/risk assessment over the entire life cycle. The second stage allows one to more accurately compare exposure potential for each alternative and consider additional factors that may not be obvious from separate binned persistence, bioaccumulation, and toxicity scores.
